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a b s t r a c t
Accurate estimates of the uncertainties associated with hydrological model are essential for better
streamflow simulation. This paper explores the Ensemble Kalman Filter (EnKF), an ensemble data
assimilation method, for semi-distributed hydrological model updating. The semi-distributed model is
very practical and often used for moderate and large basin streamflow forecasting and water resources
management. The studied area in this study is a large basin of Baohe, upper branch of Hanjiang River. The
semi-distributed Xinanjiang model states are updated by assimilating several spatially distributed
measurement points within the whole basin. The spatial pattern and ensemble of model states such as
soil water content are derived. A lumped model updating case is taken for comparison. The results show
that the semi-distributed model case does better in high flow simulation than the lumped case, with 16%
and 25% improvement to the simulation performance at peak flow in two periods of heavy rain
processes. The smaller streamflow uncertainty at main basin outlet is also found in the semi-distributed
updating case.
 2012 Elsevier Ltd and INQUA. All rights reserved.
1. Introduction
Over the last two decades, conceptual rainfall-runoff model
have been widely used for hydrological prediction and watershed
management (Burnash et al., 1973; Bergström, 1976; Kitanidis and
Bras, 1980; Franchini and Pacciani, 1991; Zhao, 1992; Gupta et al.,
1998; USACE, 2000; Wagener et al., 2001). Major hydrological
processes of rainfall-soil moisture-streamflow transformation are
represented using the transfer functions and model parameters in
the conceptual hydrological model. Specification of model param-
eters is one elementary issue in the application of hydrological
models and Earth system science and engineering (Moradkhani
et al., 2005a). However, most of the model parameters are not
easily determined because they are conceptual representations of
abstract watershed characteristics and can not be measured
directly and easily in the field. There has been a large amount of
literature on parameter estimation for hydrological models (Gupta
et al., 1998,1999; Bastidas et al., 1999; Madsen, 2000; Seibert, 2000;
Tang et al., 2006). Most of the efforts on this issue have been
focused on the model calibration procedures which adjust the
parameter values to minimize long-term prediction error using
a batch of historical measured data. These methods did not
consider any uncertainty such as input data error and model error
(e.g., Beven and Binley, 1992; Thiemann et al., 2001; Vrugt et al.,
2005).
Novel and interesting methods for addressing such problems
have been proposed by several authors since the early 1990s.
These methods include sequential data assimilation (Moradkhani
et al., 2005a; Vrugt et al., 2006) and Bayesian estimation (e.g.,
Beven and Binley, 1992; Thiemann et al., 2001). Model parameter
and prediction uncertainty are always represented using hydro-
graph bounds of possible outcomes, and even the possibility of
predictive streamflow could be provided within the given model
structure limitation and errors in observation. Especially, the
sequential data assimilation approach is getting more and more
attention from hydrologists for the capability to explicitly handle
various sources of uncertainties such as input, output measure-
ment error and model structural error. Sequential data assimila-
tion, also known as filters, was applied early in the context of
hydrology. The Kalman filter (Kalman, 1960), as one of the best-
known filters, and designed to provide optimal solution for
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linear model, was used to develop interactive state-parameter
estimation for real-time forecasting (Todini et al., 1976). It was
then modified to extended Kalman filter (EKF) for nonlinear
models. Aubert et al. (2003) applied this filter to conceptual
hydrological model by assimilating soil moisture and streamflow
data, and increase in streamflow forecast accuracy was found. EKF
was also successfully used within hydraulic flood routing model
(Shiiba et al., 2000). However, high computational cost and non-
stability of EKF when the nonlinearity is strong restricted its
widespread implementation for operational use (Vrugt et al.,
2006). The Ensemble Kalman filter (EnKF), proposed by Evensen
(1994), was designed to resolve the major problems related to
the use of the EKF. The EnKF has been widely applied for atmo-
spheric and land surface data assimilations (Nohara and Tanaka,
2004; Hacker and Snyder, 2005; Wen and Chen, 2005; Zhang
et al., 2005; Torres et al., 2006). Although ‘high computational
cost’ is still a shortcoming of the EnKF method in the usual
atmospheric data assimilation because many ensemble members
are needed, this would not cause problems in the hydrological
models, because the hydrological states are not high-dimensional.
Recent research has shown EnKF’s power and flexibility required
for data assimilation using hydrological models. Vrugt et al. (2006)
combined a parameter estimation procedure and data assimila-
tion scheme based on EnKF for operational streamflow forecasting
using the Sacramento Soil Moisture Accounting conceptual
watershed model (SAC-SMA, Burnash et al., 1973). Moradkhani
et al. (2005b) simultaneously estimated the time variant param-
eter and state for a simplied Hydrologic MODel (HyMOD, Boyle,
2000; Wagener et al., 2001) through a dual state and parameter
estimation strategy. Weerts and El-Serafy (2006) compared the
performance of Particle filtering and EnKF for state updating using
a conceptual hydrological model HBV-96 (Lindström et al., 1997)
for flood forecasting, and found that the EnKF outperforms
particle filters for low flows. Neal et al. (2007) updated a one-
dimensional hydraulic flow simulation model by assimilating
real-time distributed measurements within an EnKF framework,
and largely improved the forecast accuracy at different locations.
In recent years, some new assimilation and parameter estimation
methods (Tian and Xie, 2008; Tian et al., 2008a,b, 2009) have also
been proposed and applied successfully in land surface and
hydrological data assimilation.
Most of the efforts in the recent researches on the issue of
data assimilation have been focus on the application of lumped
models. Moderate scale watershed modeling and data assimila-
tion using semi-distributed models or distributed models have
not been involved. However, national or regional water resource
demand analysis in practice is usually based on moderate and
large scale watershed modeling. Physically based distributed
models, such as SHE (Abbott et al., 1986), encounter difficulties
when they are applied to large scale watershed modeling.
The main reasons are the high computational costs and the
requirement of the modeler’s hydrological expertise, due to the
models’ complex structure and large amount of distributed
parameters. Semi-distributed models represent spatially distrib-
uted processes with higher spatial resolution than lumped
models, by disintegrating the watershed into subbasin or
hydrological response units, and they have successfully been
applied in moderate and large scale watershed modeling and
streamflow prediction (Cao et al., 2006). This paper applied
the EnKF to update the semi-distributed Xinanjiang model,
which is widely used for streamflow prediction and flood fore-
casting throughout humid, arid, and semi-humid areas of China.
For distributed hydrological modeling, the spatially distributed
measurements and/or multi-type data resources can be involved
to retrieve the information from measurements and constrain
spatial patterns of model output. Cao et al. (2006) proposed
a multi-site and multi-variable model calibration scheme for
the SWAT (Arnold et al., 1998) model, and Seibert (2000) used
streamflow and ground water measurements for calibration of
the HBV (Bergström, 1976, 1992) model.
This paper investigates the potential of the data assimilation
scheme for the semi-distributed model state updating. Then, the
results of lumped model updating and semi-distributed model
updating are compared and discussed. Finally, the uncertainty
bounds of streamflow for each subbasin are derived and discussed.
The objective of this paper is to update a semi-distributedmodel for
moderate and large scale watershed modeling, accounting for the
spatially distributed input, and state variable output (e.g. stream-
flow). The observation variable is the daily streamflowand the state
variable updated is WU (Table 1) in the implementation of EnKF.
The model parameters were obtained using genetic algorithms
(Goldberg, 1989; Wang, 1991; Seibert, 2000), and model calibration
was coupled with multi-site data assimilation procedures for daily
streamflow simulation.
2. Semi-distributed model
The hydrological model used in this study is the Xinanjiang
model (Zhao et al., 1980; Zhao, 1992), which has been successfully
and widely applied for streamflow prediction and flood forecasting
in humid and semi-humid areas of China. There are lumped and
semi-distributed versions of the Xinanjiang model. The lumped
version of Xinanjiang model was applied mainly to streamflow
forecasting in small watersheds. Nevertheless, large basin runoff
prediction ability decreases with the lumped model, because of
model assumptions, such as uniformity of precipitation (Koren
et al., 1999). The semi-distributed version was developed for large
basin simulation. In the semi-distributed version of Xinanjiang
model applied here, the runoff component of the Xinanjiang model
for each subbasin was combined with a Muskingum routing
scheme to enable the model to simulate the streamflow along the
river within the large basin.
Fig. 1 illustrates the structure of the Xinanjiang model. The
Xinanjiang model is a deterministic, nonlinear and soil moisture
accounting model, having three soil layers. The study basin is
divided into a set of subbasins, and the runoff is first calculated
using a unit hydrograph (UH). The Muskingum routing scheme
was used to route the flow through the channel to the main basin
outlet. The Muskingum routing scheme was solved using the
nonlinear finite difference method. This model consists of two
components, water balance and routing, where the runoff
generating component can be described in parameters: IMP, WM,
WUM, WLM, B, K, and C. The runoff routing component can be
described in parameters: SM, EX, KSS, KG, KKSS, KKG, UH, KE, and
XE.
The semi-distributed Xinanjiang model consists of three state
variables (Table 1) representing accumulation of “tension”water in
Table 1
State variables in the Xinanjiang model.
States Physical meaning Max values
WU (mm) Averaged soil moisture
storage of the upper layer
5e20 mm, for deforested to
forested areas, respectively
WL (mm) Averaged soil moisture
storage of the lower layer
60e90 mm, for deforested to
forested areas, respectively
WD (mm) Averaged soil moisture
storage of the deep layer
15e60 mm, for deforested to
forested areas, respectively
S (mm) Areal mean free water storage
of the surface soil layer
10e50 mm, it may be
approximately 10 mm for
thin soils
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upper, lower and deep soil zones, and another state representing
“free” water content in the upper soil zone. The values of state
variables updated dynamically in this study were varied between
subbasins arising from the spatially distributed properties of
precipitation.
3. EnKF method
The EnKF proposed by Evensen (1994), a sequential data
assimilation method, is a Monte Carlo alternative for the traditional
EKF. The unique feature and special advantage of EnKF is that it uses
an ensemble of model trajectories to represent the error statistics
and the probability density of the model states. The mean value of
this ensemble represents the best state estimate, and the ensemble
spreading means the error variance (Evensen, 1994). There are no
linearizations or closure assumptions used for the EnKF applica-
tions. The major problems encountered by EKF, e.g., the huge
computational requirements and instabilities when model
nonlinearity is strong, have already been resolved by the EnKF. Over
the last decade, EnKF has been more and more popular for data
assimilation application in the meteorologic, oceanographic and
hydrologic sciences attributing to its conceptual simplicity and ease
of implementation (Vrugt et al., 2005). Formulation of the EnKF
involves:
1. The new state at time step t þ 1 sitþ1 is obtained for each
ensemble member as follows
sitþ1 ¼ m

sit ;Ut ; q

þ qt ; i ¼ 1;.;n; (1)
using a fixed set of model parameter q, where mð$Þ represents
nonlinear model, Ut is model input vector, and qt represents the
model error or system noise.
2. The error covariance matrix of estimated states is calculated,
with ensemble states Stþ1 and the mean value of ensemble
states Stþ1, according to
P ¼ 1
n 1Etþ1E
T
tþ1; (2)
where Etþ1 ¼ Stþ1  Stþ1.
3. Compute the Kalman gain by
Ktþ1 ¼ PHT

HPHT þ
Xy
tþ1
1
; (3)
where, H is the observation transition operator, and
Py
tþ1 is the
variance of measurement error. The numerical approximation of
Kalman gain terms, PHT and HPHT can be calculated, in adaptation
to ensemble based method, directly from ensemble members
(Weerts and El-Sarafy, 2006) as follows
PHT ¼ 1
n 1
Xn
i¼1

sitþ1  stþ1
h
h

sitþ1; q

 h

sitþ1; q
i
; (4)
HPHT ¼ 1
n 1
Xn
i¼1
h
h

sitþ1; q

 h

sitþ1; q
i2
; (5)
where hð$Þ is the measurement function relating the state variables
to the measured variables.
1-FR FR
Input Data:           RIMP = runoff in impermeable area (mm)     TRS = total surface runoff 
P = precipitation data               R = runoff in permeable area (mm)            TRSS = total lateral runoff 
EM = pan evapotranspiration          RS = surface runoff (mm)       TRG = total ground runoff 
Output:                 RSS = lateral runoff (mm)              QRS = surface discharge at outlet 
E = actual evapotranspiration       RG = groundwater runoff          QRSS = lateral discharge at outlet 
Q = discharge at basin outlet        S = free water storage                     QRG = groundwater discharge at outlet 
TQ = total discharge at subbasin outlet  W = tension water storage                  FR = saturated area      
Output
E
EU
EL
ED
W
WU
WL 
WD
S
R
RIMP
RSS
RG
RS
Input
P
EM
TRS 
TRSS 
TRG
QRS
QRSS
QRG
TQ
Output
Q
C
WLM
WUM 
KG
KI
SM EX
BWM IMP
KKG
KKSS
UH
UH
KE XEparameters in italics 
Fig. 1. Flow chart of Xinanjiang model.
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4. The observations are treated as random variable in the EnKF
strategy,
yitþ1 ¼ ~ytþ1 þ pt ; ptwN

0;
Xy
tþ1

; (6)
So, at each time when the measurement ~ytþ1 is available, an
ensemble of n observations is generated by adding the noise of pt
from a normal distribution, with zero mean and variance equal toPy
tþ1.
5. Finally, the states are updated by assimilating each member of
the measurement ensemble with a member of prior estimated
state ensemble, with following equation,
siþtþ1 ¼ sitþ1 þ Ktþ1
h
yitþ1  h

sitþ1; q
i
; (7)
where siþtþ1 is the updated state at time step tþ 1. Feedback from the
update equations will be taken as initialization for the next model
time step. This recursive algorithm does not need to store historical
data, and is computationally effective for complex model. For more
information about the derivation of the EnKF, please refer to
Evensen (1994).
4. Catchment description and data
The distributedmodel was applied to the Baohe basin, 8841 km2
(Fig. 2), part of the study area of the National Key Developing
Program for Basic Sciences of China (2001CB309404). The basin is
located along the upper branch of Hanjiang River, which is one
of the largest branches at Yangtze River. The vegetative cover is
approximately 70% forest and grassland, with the remainder
being mainly cropland. The climate is temperate and humid with
an annual temperature of 16 C. The annual precipitation is
approximately 1400 mm and the average annual evaporation is
848 mm. The potential evapotranspiration is relatively high in May,
June and July (4e8 mm/day) and lowest in January (0.65 mm/day).
The summer maximum temperatures in the region can reach
38.8 C, and freezing temperatures occur generally in December
through February. The predominant soil types are yellow-brown
earths, brown earths and cinnamon soils. The topography has low
relief and the elevation varies from 390 to 3700 m. The watershed
studied here is in a typical humid area landscape with moderate
topographical variations on top of shallow bedrock.
The input data used in this study consists of precipitation,
potential evapotranspiration, and streamflow. Daily discharge data
for the period 1981e1985 for the spatially distributed seven flow
measurement stations were available. The 38 rainfall gauges within
the study watershed provided daily precipitation data during this
period. The areal precipitation (AP) over each subbasin was calcu-
lated from daily precipitation measurement values of rainfall
stations that locate within the boundary of each subbasin. For
simplicity, the arithmetic mean of precipitation values of the
stations was considered as areal precipitation (model input). The
daily potential evapotranspiration for model input was also the
arithmetic mean of the daily pan evapotranspiration values of four
measurement sites in the main basin. This means that the values of
potential evapotranspiration for each subbasin are equal. This study
used 3 years of streamflow data (1 January 1981e1983) for model
calibration and a further 2 years of streamflow data (1 January
1984e1985) for model validation.
APi ¼
XN
j¼1
Pj
N
; (8)
where APi is the areal precipitation for the i th subbasin, Pj is the
precipitation value for j th station within subbasin i, N is the
number of rainfall stations within subbasin i.
Fig. 2. Baohe basin.
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5. Results and discussion
5.1. Subbasin discretization
In the semi-distributed model case, the basic modeling units
are the subbasins, which are discretized from the study area. The
key component of the three soil layers conceptual lumped
Xinanjiang model was used to calculate surface runoff in each
subbasin. The total outflow of the basin is calculated with the
runoff data of the subbasins’ outlets using the Muskingum routing
method (Table 3).
The subbasins are discretized on the basis of the locations of
seven streamflow measurement stations, which are set as the
subbasins’ outlets.
5.2. Parameter estimation
There are two different groups of parameters estimated. One is
for the lumped model, and the other is for the semi-distributed
model. However, in the simulations procedure of both model vali-
dation and data assimilation, the parameters are fixed. Here, the
input uncertainty and model uncertainty are considered using the
EnKF based data assimilation scheme. The parameters’ uncertainty
is not considered in this study.
The lumped and semi-distributed models were initially
calibrated. Then, the two groups of parameters, which were
determined by each model calibration, were used for the
following simulation and assimilation procedure. During the
assimilation, for the lumped model, the parameters have the
same value for whole basin. For the semi-distributed model,
one model parameter may have different values in different
subbasins.
Differing from the dual state-parameter estimation scheme
proposed by Moradkhani et al. (2005b), in which the model
parameters are simultaneously estimated in the EnKF based
assimilation procedure, the traditional method was used to firstly
determine the model parameters through the model calibration
and validation, and then to update the state variable and get the
daily streamflow simulation results in year 1981 with the EnKF
based data assimilation.
For the model calibration, four sensible parameters of
the Xinanjiang model were determined in the model calibration,
K, SM, KG and CG (Table 2). The sensible parameters are
different among the subbasins. Due to the internal relation of
“KG þ KI ¼ 0.7” (Zhao and Wang, 1988), the KI can also be deter-
mined after the KG value is obtained from the calibration. The
routing parameters, Ke and Xe, were determined by the hydraulic
characteristics of the basin (CWRC, 1993), and the common
value for Ke is 24, and Xe, 0.2. The UH was derived from a flood
discharge hydrograph caused by single one or multiple rainfall
(CWRC, 1993). The parameters, including WM, WUM, WLM, IMP,
B, C, and EX, which are insensible and have little influence on
modeled discharge at the outlet, were directly set to intermediate
values of the estimate range (Zhao and Wang, 1988; Zhang et al.,
2002). The initial values of the state variables (Table 1) were set
to zero.
5.3. Data assimilation
In the assimilation, the input data, precipitation, is calculated
for each subbasin and perturbed by a Gauss distribution. The
standard deviation is usually treated as an empirical constant in
the hydrological assimilation. At present, there is no physical
method to determine it precisely. In this paper, the value of the
standard deviation is the square root of 0.05*P, which is an
empirical value equal to those listed in the published assimilation
experiments.
Fig. 3 shows the average of ensemble streamflow simulation
results for the main basin outlet, Hanzhong station, from coupling
EnKF with the lumped and semi-distributed hydrological model
respectively. Although the overall hydrograph are similar, Fig. 3B
Table 2
Parameters of the Xinanjiang model.
Notation Definition Range
WM Averaged soil moisture storage capacity (mm) (100, 170)
WUM Averaged soil moisture storage capacity of the upper layer (mm) (5, 20)
WLM Averaged soil moisture storage capacity of the lower layer (mm) (60, 90)
C Coefficient of the deep layer evapotranspiration, which depends on
the proportion of the basin area covered by vegetation with deep roots
(0.08, 0.18)
IMP Ratio of the impermeable area to the basin area (0.01, 0.02)
B Exponential parameter of the parabolic storage capacity curve, which
represents the non-uniformity of the spatial distribution of the soil
moisture storage capacity over the basin
(0.1, 0.4)
K Coefficient of the potential evapotranspiration (0.5, 1.1)
EX Exponential parameter of the free water storage capacity curve of the upper layer (1, 1.9)
KI Daily outflow coefficients of interflow in the free water storage (0.3, 0.4)
KG Daily outflow coefficients of ground water in the free water storage (0.3, 0.4)
SM Free water storage capacity of the surface soil layer (mm) (10, 50)
CG Recession constants of the ground water storage (0.990, 0.998)
CI Recession constants of the deep interflow storage (0.8, 0.9)
KE Parameter of the Muskingum method, which depends on the hydraulic
characteristics of the river channel (h)
(0.7, 24)
XE Parameter of the Muskingum method, which depends on the hydraulic
characteristics of the river channel
(0.01, 0.6)
UH Parameter of unit hydrograph (1, 20)
Table 3
The characteristics of the seven subbasins.
Area (km2) Number of
precipitation
stations
Number of
river
segments
River
length
(km)
Distance
from the
gauge (km)
Jiangkou 2493.55 10 2 75 32
Chadianzi 1707.59 9 2 66 22
Tiesuoguan 658.5 4 2 81 40
Yuandun 478.4 5 1 48 46
Wuhou 960 8 1 40 42
Madao 906 4 1 48 31
Hanzhong 2369 8 0 0 0
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shows much better simulation of high flow than the results of the
lumped model case. For simulation of floods caused by heavy
rainfall process in the summer and rainy season, the simulated
amount of peak flow from semi-distributed model is closer to the
measurement, especially for the huge flow periods of 192e201 and
221e243 (day number in the year). Compared to Fig. 3 (A), 16% and
25% improvement to simulation performance at peak flow were
found in these two periods. The reason is the average effect of
precipitation in a large basin will reduce the peak flow, which is
usually induced by heavy rain in part of the basin near the main
outlet.
For the lumped model simulation and updating, Vrugt et al.
(2006) and Moradkhani et al. (2005b) successfully forecasted
the main basin outlet streamflow by using an EnKF based data
assimilation scheme for SAC-SMA model and HyMOD. However,
for practical use, such as water resources management in a large
basin, the semi-distributed model is often used not only for
better streamflow forecasting at the main basin outlet, but also to
predict the streamflow of the subbasin outlet and the relative soil
water content in any subbasin within the whole watershed. The
input data error and measurement data error also should be
accounted for at subbasin scale. Thus, it is also necessary to
use a data assimilation scheme to update the model state
and to obtain the information of input uncertainty and the
model uncertainty of subbasins, and finally to improve model
forecasting.
The first large rainfall period in water year 1981 within the
studied basin was chosen for analysis and comparison of lumped
and semi-distributed model updating. For the semi-distributed
model case, the ensemble simulation results of streamflow of
subbasins controlled by the Chadian and Tiesuoguan stations were
selected, and results of the main outlet are also selected for direct
comparison with the uncertainty bound of results at the Hanzhong
station derived from the lumped model case.
The uncertainty bound of ensemble streamflow expands with
the steamflow increase. This is consistent with the assumption
that the input data noise which dynamic changed with the
magnitude of precipitation value (Vrugt et al., 2006). The uncer-
tainty decreased in the recession period and at paddy point.
Under the condition of same error variance of precipitation,
the ensemble streamflow bounds of the main outlet (Hanzhong
station) by lumped model updating and semi-distributed model
updating have obvious differences, as shown in Fig. 4C and D
respectively.
The sharp difference is that the ensemble simulation uncer-
tainty bound in the semi-distributed model case is much smaller
than in the lumped model case, which represents the reliable
model simulation at the main basin outlet. The relative uncertainty
bound of subbasin outlets such as at Chadian and Tiesuoguan is
comparable with that of the main outlet in the lumped model case.
This rule is also observed for the simulation of the whole year,
not presented here. The uncertainty of streamflow is absorbed
by subbasins when the spatial resolution of the precipitation
ensemble is high. This is the other reason to use a data assimilation
strategy such as EnKF in updating the semi-distributed hydrological
model.
In order to research the state variable changes of the different
subbasins, the soil moisture storage dynamics of the upstream
Chadianzi subbasin and the downstream Hanzhong subbasin, and
that of the lumped model during the assimilation procedure
were compared (Fig. 5). The upper layer soil water content of
the downstream Hanzhong subbasin is always larger than the
Fig. 3. Streamflow measurements and the mean value of ensemble streamflow forecasting at the main outlet (Hanzhong station) of Baohe basin in water year 1981. The light line
represents the measurements. The dark line represents the mean value of ensemble forecasting, (A) lumped model updating case, (B) semi-distributed model updating case.
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upstream Chadianzi subbasin in the dry season, while in the wet
season they are almost the same. Lateral flow is the key factor
which influenced the soil water content with no precipitation. The
value of the state variable lumped model is highly related to the
dynamics of the distributed model, showing the stability of the
Xinanjiang model and the physical meaning of its parameters. It
also confirms that the upper layer soil water content in the basin
changes much faster than that of the lower layer.
Fig. 4. Ensemble streamflow simulation at subbasin outlet within Baohe basin for the period of 177e192 (day number in water year 1981). The line is the mean value of modeling
ensemble. The point line is the in-situ measurement. (A) Chadianzi station in the semi-distributed model updating case, (B) Tiesuoguan station in the semi-distributed model
updating case, (C) Hanzhong station in the semi-distributed model updating case, (D) Hanzhong station in the lumped model updating case.
Fig. 5. Meam value of the ensemble WU and WL simulation results in lumped modeling case and semi-distributed case in 1981.
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6. Conclusion
Better understanding of the uncertainty resources and structure
of hydrological modeling is highly required for better streamflow
simulation. The new emerging ensemble method, based on a data
assimilation scheme such as EnKF, is able to take account of different
sources of uncertainty such as input data error, model uncertainty,
and measurement error. It has been applied for hydrological
modelling. In this study, the EnKF algorithm was applied to a semi-
distributed Xinanjiang model, which is widely applied and well-
known in China. The upper layer water content was updated
through EnKF by assimilating multi-site measurements.
In comparison with the lumped model updating case, the
method used in this study for semi-distributed model gave better
simulation results for high flow, and smaller streamflow uncer-
tainty at the main basin outlet. Having accounted for the input data
error and their spatial variety in semi-distributed model updating,
not only the ensemble streamflow can be simulated, but also the
spatial pattern of state variable, such as soil water content, and the
uncertainty bounds can be derived from this case.
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